Increasing sources of sensor measurements and prior knowledge have become available for indoor localization on smartphones. How to effectively utilize these sources for enhancing localization accuracy is an important yet challenging problem. In this paper, we present an area state-aided localization algorithm that exploits various sources of information. Specifically, we introduce the concept of area state to indicate the area where the user is on an indoor map. The position of the user is then estimated using inertial measurement unit (IMU) measurements with the aid of area states. The area states are in turn updated based on the position estimates. To avoid accumulated errors of IMU measurements, our algorithm uses WiFi received signal strength indicator (RSSI) to indicate the vicinity of the user to the routers. The experiment results show that our system can achieve satisfactory localization accuracy in a typical indoor environment.
I. INTRODUCTION
GPS-based localization systems can provide satisfactory performance in outdoor scenarios, while indoor localization systems still confront some challenges in terms of robustness, accuracy and responsiveness. The reason for these challenges lies in the difficulty to obtain reliable measurements at low cost and to integrate multiple information sources effectively. Many efforts have been made to study the indoor localization problem from different perspectives [1] - [8] . Most of them can be categorized into two main categories, i.e., infrastructure-based and infrastructurefree approaches. Infrastructure-based approaches require to deploy wireless access points in the indoor environment and are performed on the basis of wireless measurements such as WiFi, UWB, and ultrasound. Among all these approaches, WiFi-based ones attract much attention since WiFi routers are ubiquitous and no additional infrastructure is needed for localization. The
WiFi-based approaches can be subdivided into two types: fingerprinting [1] and ranging-based methods [2] , both using RSSI to estimate users' positions. However, range-based methods often cause large localization errors due to the instability of WiFi signals in indoor environments and fingerprinting requires laborious off-line training and is not robust to environment changes [3] .
Infrastructure-free approaches rely primarily on IMUs to locate a user by continuously estimating the displacement of positions from a known location, referred to as the dead-reckoning approach.
A typical example is the pedestrian navigation system (PNS) [4] - [6] , which performs localization by detecting steps and estimating headings. While most of these existing PNSs depend on highquality IMU sensors [5] , [6] , achieving satisfactory performance using the IMUs on smartphones is a challenging task. In addition to the measurements from WiFi routers and IMUs, an indoor map is also a valuable source of information for localization. Since walking patterns are partially determined by the geographical structure of the environments, the indoor map serves as the prior knowledge of space constraints in localization. A particle filter-based algorithm that combines map information and WiFi RSSI was proposed in [10] . In [11] , the algorithm improves the localization accuracy by matching the walking trajectories onto the map. To the best of the authors' knowledge, few studies have fully exploited map information in multi-sensor indoor localization. In this paper, we develop a localization algorithm fusing the information from IMUs, indoor maps as well as WiFi RSSI and implement a real-time system on Android smartphones. We introduce the concept of area state in the indoor map representation and develop different localization approaches according to the area states. System implementation on Android platforms demonstrates the performance improvement achieved by exploiting map information. 
II. SYSTEM DESIGN
The framework of our system is illustrated in Fig. 1 . In our system, the states of the user are categorized into two types: the positional state and the area state. The positional state refers to the coordinates of the user's position on a 2D map and the heading direction of the current step.
The area state refers to a particular area the user locates in, e.g., a certain corridor. At each step, the positional states are estimated based on IMU measurements with the aid of area states, and the area states are then updated by new positional states based on indoor map information. We also conduct experiments about WiFi RSSI in indoor environments and utilize the WiFi routers as vicinity indicators. More details about the algorithm are described as below.
A. Dead-Reckoning using IMU Measurements
Although the accelerometer and gyroscope measurements on the phone are accurate according to our experiments, severe drift can hardly be avoided if the trajectories are obtained through double integration of the acceleration measurements. Therefore, we resort to the dead-reckoning approach based on detecting steps and step headings where the initial location and the step length of the user are assumed to be available. Several regular patterns emerge in the accelerometer measurements when the user is walking with the smartphone in hand. We use the step detection method as in [6] to detect the sharp drop of acceleration when the user is balancing out his/her March 27, 2015 DRAFT steps. We estimate heading through integration of filtered angular velocity, which is not affected by the severe interferences from indoor electrical appliances and magnetic materials. The initial heading and posture of the phone is assumed to be available at the beginning of the localization.
The turning can be detected by the abrupt change of the azimuth angle if the phone remains fixed relative to the user.
B. Indoor Map Representation
To the best of the authors' knowledge, there are few open-source geographical data of indoor maps. The incompleteness of geographical data makes it challenging to generalize map-based open-source projects to various sites. Another challenge exists in the lack of standard representation rules to define all the elements in an indoor map. Hence, we establish some intuitive and facile representation rules for our prototype, and verify the validity of our algorithm under these rules.
We establish our indoor maps from OpenStreetMap (OSM) [12] , an open source geographical 
Based on y k , the position estimate is further refined by the map information if the user is aware of what area he/she is in. This is actually how we incorporate map information to mitigate noises and uncertainties of position estimate based on dead-reckoning. We elaborate the map-aided localization process as follows.
1) Walking in Corridor:
Since the width of a corridor is normally several meters and much shorter than its length, we assume that the user moves in one dimension when walking in the corridor. We set a threshold η str for the heading angle to determine whether the user is still walking in a corridor. If so, the area state α k remains to be Corridor and the estimated heading is calibrated by the orientation information of the corridor. 
The area state α k is then updated as Intersection. 
As
o j happen and make the hypothesis with the maximal likelihood the best guess, where we assume the prior probability of each corridor is equal, i.e.,
Ifĉ ′ is the same as the corridor estimatedĉ in the first check, we align the current heading with the corridor's bearing. Otherwise, we change the current corridor toĉ ′ and make k steps' length compensation in distance. Moreover, we will make another verification after k steps until a right track is confirmed. Then the area state α k is updated as Corridor.
4) Walking in Open Area:
If the next corridor is a Door Corridor that connects a door and a room or a lobby, the user is considered walking in the open area and so is the area state updated.
The user walks in a 2D area in this case with the space constraints imposed by the walls, i.e., the trajectories are not allowed to traverse the walls and the user can only walk along them if his/her trajectories cross the walls. The entire process is summarized in Algorithm 1.
C. WiFi Module
In our system, WiFi module is used to refine the estimates of positional and area states. Change the current corridor and the last k positional states. Therefore, it is hard to obtain accurate position estimates if we use the WiFi signals to directly estimate the distance between the user and the router.
3) WiFi router as a vicinity indicator:
The experiment results in Fig. 5 show that RSSI is above a certain threshold only if the user is within a short range of a WiFi router. This implies that a high RSSI indicates vicinity to a certain router. Therefore, our system uses the RSSI in the way that if multiple RSSI sample values from certain router are above φ, we consider that the phone is within a distance of ρ from that router and the positional states is calibrated using the router's location. This can avoid the deterioration of localization accuracy caused by unstable
WiFi signals and also reduce the accumulative errors of IMU measurements.
III. IMPLEMENTATION AND EVALUATION
In this section, we elaborate more details about the implementation and evaluate the performance of the on-line localization system.
A. Experiments
All the experiments are conducted on the smartphone SamSung Galaxy S4, GT-I9500 running the Android operating system 4.4.3. Our algorithm is performed and evaluated on the 6-th floor of Stata Center Dreyfoos Tower at MIT.
1) IMU Measurements:
For IMU experiments, we assume the user is holding the phone in hand with the Y-axis roughly aligning with the heading and Z-axis pointing up to the sky while walking. Small jolting or shaking can be well-compensated by our area state-aided algorithm.
We also exploit Butterworth low pass filter to smooth the raw data and subtract the average of the first measurements to remove the bias.
In our experiments, the smartphone is first held in hand. The variations of the acceleration magnitude during walking are exploited to detect the steps. Fig. 7 (a) implies the effectiveness of step detection. Then, the smartphone is fixed flat on a cart. We push the cart along the Lane 4, 3, 2, and 1. It is shown in Fig. 7 (b) that the variations of azimuth estimates after a circle are way below 360 degrees due to the bias. The estimation errors can be reduced to less than 2 degrees after bias removal. 
IV. CONCLUSIONS
We designed and implemented a real-time indoor localization algorithm by leveraging measurements from IMUs and WiFi RSSI with map information. The proposed algorithm can effectively exploit map information and achieve desirable localization accuracy with the aid of area states.
Our localization algorithm also uses WiFi RSSI to indicate the vicinity of the user to the router.
This system can serve as a prototype for the design of advanced indoor localization system in the future. 
